Abstract-Radar backscatter knowledge is a valuable input for many remote sensing applications, which are based on synthetic aperture radar (SAR) systems. The amount of spaceborne data acquired within the TanDEM-X mission allows for the characterization of X-band backscatter on a global scale. The objective of this paper is to present a method for the characterization of radar backscatter behavior using a global statistical approach. The worldwide data set of images acquired within the TanDEM-X mission is taken into account, having the chance to exploit the unique high-quality topography information associated to it. The input measurements are differently assessed, by using a quality-based approach. A series of models can be derived, focusing on the backscatter dependence on polarization, incidence angle, ground classification, and seasonal time. The developed approach for the algorithm's verification is presented as well, together with some preliminary results obtained from TanDEM-X mission data. The generation of up-to-date backscatter models for X-band will provide a useful database for the development of a large number of scientific applications and for the optimization of future radar systems.
I. INTRODUCTION

S
YNTHETIC aperture radar (SAR) systems provide useful data for a large number of scientific applications, such as hydrology, glaciology, forestry, and oceanography, and make a key contribution to the field of remote sensing.
In this context, radar backscatter represents a fundamental quantity in radar measurements. It is defined as the portion of the transmitted electromagnetic signal that the target redirects back toward the radar antenna. Its properties change depending on several factors, such as sensor parameters (e.g., frequency and polarization), soil conditions, surface roughness, atmospheric conditions, on-ground vegetation, topographic characteristics of the illuminated ground area, and acquisition geometry. Several models and modeling techniques have been developed in the past for the characterization of backscatter behavior, depending on the previously described parameters. Well known and widely used is the database provided by Ulaby and Dobson in 1989 [1] , which is generated by composing measurements at different frequencies, which are derived from field observations using ground scatterometers.
Global modeling of backscatter behavior from up-to-date spaceborne radar data is one of the challenges of the ongoing TanDEM-X mission. Supported by TerraSAR-X (TSX) [2] and its twin satellite TanDEM-X (TDX) [3] , which were launched in June 2007 and June 2010, respectively, it has been developed within a public/private partnership between the German Aerospace Center and EADS Astrium [4] . The two radar sensors are able to acquire SAR images in X-band using active phased array antennas, providing both high-resolution and wide-swath images for large-scale applications. Both satellites are flying together in a close orbit formation, allowing for the acquisition of bistatic images, which lead to the generation of high-resolution interferograms. The mission's primary goal is the generation of a worldwide high-precision digital elevation model (DEM).
Precise X-band backscatter knowledge is necessary for an optimized operation of the whole SAR system within the TanDEM-X mission. For example, for known backscatter characteristics of a requested SAR scene, the receiving gain can be suitably adapted to mitigate clipping or signal saturation [5] . For realistic performance prediction of SAR images and DEM products, the backscatter information is a valuable input, e.g., for signal-to-noise ratio and height error estimation. Such a knowledge is also fundamental for the design optimization of future SAR missions. Moreover, scientific applications such as polarimetry can benefit from the availability of accurate backscatter models.
The large amount and global coverage of high-quality SAR data, acquired within the TanDEM-X mission, allows for a statistical analysis of X-band backscatter from space, taking into account different acquisition parameters. Furthermore, the imagery is supported by its corresponding local DEMs, derived from single-pass interferometry per data acquisition. Typically, long data takes are acquired within the TanDEM-X mission, with a maximum duration of 300 s, which corresponds to an along-track extension on ground of about 2000 km. Given the high volume of data per data take, they are then split into single scenes of limited dimension. A single scene, acquired in stripmap mode, typically corresponds to an acquisition time of about 7 s, leading to a covered area on ground of about 50 and 30 km in the along-track and across-track dimensions, respectively. Up to May 2013, 240 000 scenes have been already processed for the current analysis.
In this paper, we aim to present a method for modeling X-band backscatter from spaceborne SAR data, exploiting the potentialities given by the unique global data set of images acquired within the TanDEM-X mission, such as the global coverage and the derived high-precision topographic information.
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Two different kinds of models are derived, and their performance is compared, together with a discussion on the backscatter seasonal variation. Then, we present the possible sources of error, which can affect the estimation, and the developed model verification approach. Finally, we show the validation of the derived backscatter model classified as rain forest vegetation, concluding with a short summary and outlook.
II. BACKSCATTER CHARACTERIZATION OF A SINGLE TANDEM-X MISSION ACQUISITION
Different quantities can be used to represent the backscatter from SAR data, as described in [1] and [6] . The backscattering coefficients σ 0 and γ 0 , which are defined as the backscatter cross section per unit area on ground and per unit area perpendicular to the antenna beam, respectively, are commonly used within the scientific community for the retrieval of bioor geophysical parameters. The reflectivity per unit area in slant range, i.e., the radar brightness β 0 , is the only quantity that does not require the knowledge of the local incidence angle for its computation [7] . Such an angle varies according to the local slope of the illuminated ground area. This is one of the main reasons why modern SAR missions, such as TerraSAR-X and TanDEM-X [8] , RADARSAT [9] , and ENVISAT ASAR [10] , deliver their radar products in β 0 format, avoiding inaccurate estimation of local incidence angles due to the rough terrain knowledge. The excellent calibration of these products assures that the provided β 0 images are not affected by significant systematic errors [11] , [12] . Thus, the derivation of backscatter models from TanDEM-X mission data is performed by using radar brightness β 0 as a starting point. Eventually, σ 0 and γ 0 can be directly estimated from the radar brightness by compensating for the sine and tangent of the local incidence angle, respectively.
The data set of SAR images used for backscattering modeling is composed of all TanDEM-X mission data acquired from December 2010 to May 2013, which means an overall amount of 240 000 scenes. All considered images were acquired in bistatic mode, covering the entire range of incidence angles of the nominal TanDEM-X mission: from 29.8
• to 45.8
• [3] . In addition, some bistatic images acquired using nominal TerraSAR-X mission beams (whose incidence angles are comprised between 14.3 • and 59
• ) are available. Such images were acquired over dedicated test sites (i.e., the Amazon rain forest) for system performance monitoring purposes and have been included in the current analysis as well. The selected polarization for nominal TanDEM-X mission acquisitions is HH [13] , and all considered images were acquired in stripmap mode.
Given the high volume of data to be analyzed, the overall processing time needs to be optimized. For this reason and since high resolution is not needed [14] , only quicklook (QL) products [15] are taken into account. Each of the considered input product is composed of several elements, including the following:
• detected amplitude SAR image in SAR coordinates;
• geocoded and roughly calibrated DEM, absolutely calibrated using radargrammetry [16] ;
• interferometric coherence matrix;
• incidence angle matrix;
• georeferencing and geocoding information;
• metadata (acquisition parameters). The available QLs are characterized by a lower resolution than the standard TanDEM-X mission slant range complex products (CoSSC Level-1b) [8] , having a pixel spacing of about 25 × 25 m 2 , and can be absolutely calibrated according to the TSX and TDX absolute calibration constants.
A statistical approach is used for characterizing the mean backscatter behavior within a single TanDEM-X mission acquisition. For each given input QL product, a geocoded β 0 image is evaluated from the detected and absolutely calibrated amplitude master image, the one acquired by the active satellite. Both TSX and TDX can alternatively act as the active sensor, which means transmit and receive radar pulses (the passive one receives only), leading to the generation of an image in monostatic configuration. Since both satellites show an almost identical behavior in terms of calibration [11] and system performance [17] , either TSX and TDX are indistinctively used as active satellite for the current analysis. Because of computational reasons, geocoding is obtained by bilinearly interpolating the detected and absolutely calibrated input image in SAR coordinates on a coarse mapping grid [18] , available within each QL product itself, which correlates pixels of the geocoded image with range/azimuth times. Such an interpolation can introduce geolocation errors due to the lower resolution of the geocoding grid with respect to that of the input amplitude image. A more detailed quantification of such errors is given in Section IV.
Furthermore, mountainous areas are typically affected by geometric distortion phenomena, such as shadowing and layover [23] , which generate misleading backscatter values: areas affected by shadow appear extremely dark, whereas the ones affected by layover are very bright. Therefore, only pixels corresponding to low-relief terrain are to be taken into account, and the impact of such errors is considered to be negligible. Lowand high-relief terrains are discriminated by setting a threshold at 20% on the local slope, as defined in the TanDEM-X DEM specification in [22] .
The advantage of using TanDEM-X mission data is the availability of a roughly calibrated DEM for each product, which is generated by the TanDEM-X processor [19] . This can be used to generate a slope map of the terrain, by computing the Euclidean norm of the DEM's bidimensional gradient vector, as presented in [20] . From the slope analysis of TanDEM-X DEMs that can be found in [21] , we can assume that the derived slope is sufficiently accurate for discriminating between flat and mountainous terrains on a global scale.
Since the choice of low-relief terrain only does not guarantee the absence of geometric distortion effects in regions close to mountains or urban areas, a quantification of the error introduced by relying on the local slope only is presented in Section IV.
After the first selection based on local slope, valid β 0 samples are then discriminated depending on the corresponding ground classification class to which they belong. The GLOBCOVER classification map [24] , provided by the European Space Agency, is used to perform the classification. It is composed [24] of 22 different classes (21 valid classes and 1 invalid class), as presented in Table I , characterized by a ground pixel spacing of 300 × 300 m 2 and projected on the WGS84 ellipsoid. In order to classify each β 0 input pixel, a nearest neighbor interpolation has been performed on the GLOBCOVER map. A discussion on the introduction of classification errors is provided in Section IV as well.
An example of the impact of applying a threshold on the local slope for a single classification class is presented in Fig. 1 Table I ) are selected, as presented in Fig. 1(a) : red and blue areas correspond to such vegetation over flat and mountainous terrains, respectively. The histograms of the selected β 0 samples are presented in Fig. 1(b) . Flat areas (red) are characterized by a mean β 0 of −11.1 dB. If mountainous areas only (blue) are discriminated as presented earlier and taken into account, β 0 is mainly affected by shadowing phenomena, leading to a lower mean β 0 of −12.5 dB. If both flat and mountainous areas are simultaneously considered, the obtained mean β 0 is equal to −11.63 dB, showing a difference of more than 0.5 dB from the mean β 0 over flat regions only. A further step consists in grouping samples together depending on the local incidence angle. Because of computing reasons, the precise evaluation of the local incidence angle per pixel, by exploiting the acquisition geometry and the on- ground DEM, is substituted by a bidimensional interpolation of the rough incidence angle grid, available within each QL product itself. The difference between the incidence angle and the local incidence angle is explained in Fig. 2 : given a point target on a scattering surface, characterized by a certain local slope, the incidence angle θ describes the angle between the radar wave incident direction and the vertical direction to the WGS84 ellipsoid. On the other hand, the local incidence angle θ l describes the one between the radar wave incident direction and the normal direction to the scattering surface. In case of flat earth, θ l coincides with θ. By taking into account pixels characterized by a low local slope only, we assume from now on that the local incidence angle can be approximated by the incidence angle itself, and therefore
This way, we can directly associate to each input β 0 pixel a corresponding incidence angle derived from the rough incidence angle grid, available within each QL product. The overall incidence angle spread of the TanDEM-X mission access range is considered and divided into N j subintervals, each of them characterized by a spread of 2
• . The angular dependence of β 0 within a single interval is considered to be negligible. Fig. 3 presents the flowchart of the developed algorithm. In order to better underline the dependence of radar backscatter properties on the ground classification, we have taken into account a single TanDEM-X mission acquisition, acquired in HH polarization over an agricultural area and characterized by the presence of several ground classification classes. The histograms of the radar brightness in decibels for four different classes are presented in Fig. 4 . All samples belong to the incidence angle interval defined between 36
• and 38
• . In addition to the different numbers of available samples for each considered class, the β 0 distributions present different mean values and standard deviations as well (the mean values are identified by the vertical dotted lines), confirming the dependence of the radar backscatter properties on the ground classification. For the pth classification class available inside the ith considered image, the radar brightness mean value β
, and the total number of available samples S j (i, p) are evaluated, where the j index identifies the incidence angle interval (j = [1, . . . , N j ]). Moreover, the normalized histogram of the initial β 0 dB distribution is evaluated as well, together with the mean squared error r j (i, p) between such a distribution and the Gaussian probability density function (pdf), which best fits the data [25] . The assumption of a Gaussian distribution of β 0 dB is driven by computational convenience, given the high volume of available input data to be analyzed. r j (i, p) is an indicator of how much the considered distribution is affected by the presence of outliers, which modify the shape of the histogram itself. The complete set of statistical parameters, which are derived from each single scene, together with additional information on the acquisition parameters represents a valuable input for the global characterization of backscatter behavior for different ground classification types, incidence angles, and polarizations. The developed algorithm has systematically run for all of the 240 000 available scenes, leading to the generation of a global backscatter database. In particular, all the following parameters are extracted and stored into such a database, which is the starting point for modeling backscatter behavior, as presented in Section III: 
III. GENERATION OF GLOBAL BACKSCATTER MODELS FROM TANDEM-X MISSION DATA
Using the backscatter database generated as described in Section II, a complete set of backscatter models can be generated for characterizing the mean radar brightness. The idea is to model backscatter behavior based on measurements from the high volume of TanDEM-X mission SAR images, which have been grouped together depending on polarization channel, local incidence angle, seasonal time, and ground classification, improving the approach presented in [25] .
Two different models are generated, using the same estimation technique but without/with taking into account the quality of the input observations, as presented in Section III-A and B, respectively. A summary of the two methods' output is given in Section III-C. Finally, in Section III-D, we introduce the backscatter dependence on seasonal variation, and we describe the developed approach for deriving season-dependent models.
A. Mean β 0 Unweighted Model
For the pth ground classification class, backscatter values acquired from different images but within the same incidence angle interval are first taken into account. Given N j incidence angle intervals, a vector β 0 j (p) of radar brightness mean values in decibels is obtained for each jth incidence angle interval, i.e.,
where the nth element β 0 j (n, p) is the radar brightness mean value obtained by averaging all the samples belonging to the pth classification class within a single TanDEM-X scene, and N n represents the available number of images for the jth incidence angle interval. The β 0 j (p) vector is characterized by its mean value μ j (p) and variance σ 2 j (p). By repeating the operation for each jth incidence angle interval, we obtain a vector of N j radar brightness mean values
and variances
which can be used to generate an incidence angle dependent parametric backscatter model. If we consider the pth vegetation class, our system can be described as follows:
where the dependence on the p parameter has been omitted for the sake of simplicity. S depends on the incidence angle vector θ = [θ 1 , . . . , θ N j ] and on the model parameters vector ξ to be estimated, whereas w represents a noise contribution, which is modeled as a zero-mean white Gaussian noise, whose distribution is defined as
where C represents the covariance matrix. Assuming that different acquisitions are characterized by independent noise contributions, C can be described as a diagonal matrix, which is defined as
We can now suppose to use an mth-order polynomial function to model the mean radar brightness behavior. In this case, our parametric model S(θ, ξ) becomes linear with respect to the ξ parameters to be estimated and can be written as
where
The choice of a polynomial model resides in the fact that we would like to develop a modeling technique that is as much as possible model free, without needing a priori knowledge on the backscattering mechanism itself. The optimum estimator of the parameter vector is the maximum likelihood (ML) estimator, which can be derived by maximizing the pdf of measured observations with respect to the parameters, i.e.,
As presented in [26] , ξ can be obtained by minimizing the following quadratic form:
which leads to
Since the model is linear with respect to the parameters to be estimated, the ML estimator corresponds to the minimum variance unbiased estimator. From experimental considerations, we have decided to use a third-order polynomial to model the mean radar brightness, which is defined as
where the nomenclature β 0 unW (θ) underlines the fact that the estimation is based on unweighted β 0 mean values as input.
Note that all the derived models are to be considered valid within the incidence angle spread where real measures are available.
B. Mean β 0 Weighted Model
A further refinement in the estimation technique can be developed by taking into account the quality of the input measurements. This can be done by considering the number of available samples S j (n, p) and the mean square error r j (n, p), which are defined in Section II. A quality weight a j (n, p) can be associated to each input measurement β 0 j (n, p), being defined as
The meaning of such weights is that measurements characterized by a lower number of available input observations or by a distribution that does not follow the shape of a theoretical one, and therefore most likely affected by outliers, are considered to be less reliable for the estimation process itself.
Starting from the β 0 j (p) vector at (2), we can now evaluate its weighted mean value by taking into account the quality weights in (15) as
The corresponding weighted variance σ
By grouping together all the available N j incidence angle intervals, we obtain a vector of N j radar brightness weighted mean values
and weighted variances
Again, we can model our system as presented in (8), this time by substituting the β 0 mean values vector μ by its weighted version introduced in (18) and by defining a new noise contribution w w as
where the covariance matrix C w is defined as
The linear model in (8) can be therefore modified as
which leads to the estimation of a vector ξ w of fitting coefficients as
The mean radar brightness β 0 W (θ) can finally be modeled as
where, this time, the nomenclature β 0 W (θ) underlines the fact that the estimation is based on weighted β 0 mean values.
C. Summary of Methods Output
As an example, both backscatter modeling techniques, which are presented in Sections III-A and III-B, are used to model the Closed (>40%) needleleaved evergreen forest (>5m) GLOB-COVER class (class 4 in Table I ), which corresponds to a typical boreal forest. Its location on the planisphere is shown in Fig. 5(a) . It is important to note that about 90 000 scenes located all around the world, where such a class is detected, are simultaneously taken into account, confirming the idea of a global approach for modeling backscatter behavior. 
where index p identifies the GLOBCOVER class number in Table I (in this case, p = 4). The corresponding confidence ranges of the measurements are displayed as well and labeled as μ(p) + σ(p) and μ(p) − σ(p), where Fig. 5(c) shows the total number of available input samples in logarithmic scale for each incidence angle interval. As it can be seen, the series of μ w (p) presents less discontinuities between neighbor measurements with respect to μ(p). This can be seen particularly at near (up to 35
• of incidence angle) and far ranges (for incidence angles higher than 47
• ), where less input observations are available. The root-mean-square errors (RMSEs, computed in decibels) between the β 0 mean values and the corresponding fitted model are evaluated as from which we obtain RMSE unW = 0.6 dB and RMSE W = 0.15 dB, which shows that the weighting process, which takes into account both the quality and the quantity of the input measurements, helps for equalizing the input observations to values that can provide a better fitting. By properly grouping together images acquired with different acquisition parameters such as sensor center frequency, polarization, and incidence angle, the algorithm can be separately applied to all the available ground vegetation classes, leading to the generation of a complete archive of β 0 models for X-band backscatter. From an analysis on dedicated test sites, no significant difference between ascending and descending orbit tracks has been detected, as explained in Section V-C. Therefore, both acquisition geometries have been indistinctively taken into account for the current analysis. Nevertheless, this last aspect still remains a topic for future investigations.
Moreover, radar backscatter is strongly affected by the seasonal conditions in which an acquisition is performed; this aspect is better detailed in Section III-D.
Finally, as mentioned in Section II, the backscattering coefficients σ 0 and γ 0 can be directly derived from the radar brightness β 0 . The β 
D. Backscatter Seasonal Variation
Radar backscatter can behave differently over the year, depending on when a SAR acquisition occurred. For example, permanent snow reflectivity changes from winter (typically characterized by dry snow) to spring (melting snow). In the same way, data acquisitions over boreal forests during winter, when trees typically do not have leaves, or during summer lead to different levels of backscatter. On the contrary, if regions around the equator are considered, we will find that seasonal changes are not so relevant and can be therefore neglected. Hence, it is important to take these factors into account when we come to the generation of backscatter models, starting from a global database of SAR images acquired all over the world during different seasons of the year. In order to do so, the complete database of TanDEM-X input images has been split into four different groups, depending on the original acquisition seasonal time. If we consider the boreal hemisphere calender as reference, four seasonal periods can be defined: winter (from December to February), spring (from March to April), summer (from May to September), and autumn (from October to November). Boreal and austral seasons have to be correctly grouped together. For example, if we take into account an image acquired over Europe in January and a second one acquired over South America in July, they will be both associated to the winter seasonal period. This way, the impact of seasonality on the final estimation accuracy should be considerably reduced.
The estimated β 0 models for the GLOBCOVER class Closed to open (>15%) broadleaved evergreen or semi-deciduous forest (>5m) (class 1 in Table I ) are shown in Fig. 7(a) . Four different models have been estimated, depending on the input acquisition seasonal time. As it can be seen, the summer model is derived from an input data set that comprises images at shallower incidence angles. This is due to the fact that 15 additional acquisitions were performed during summer 2011 over the Amazon rain forest for performance monitoring purposes, using a mean incidence angle of 52.7
• , and were included in this analysis as well. The considered class is mostly situated around the equator [see Fig. 7(b) ], where seasonal changes are not intense. No significant differences between models from different seasonal times are visible.
In the same way, Fig. 8(a) presents the derived backscatter models for winter (blue) and summer (red) for the GLOB-COVER class of Closed (>40%) broadleaved deciduous forest (>5m) (class 2 in Table I ), which characterizes boreal forests and is mainly distributed, as presented in Fig. 8(b) . In this case, the backscatter behavior is affected by seasonal conditions. A difference of up to 2 dB can be detected between the winter and summer models. The extension of the summer model to shallower incidence angles is due to the availability of additional test acquisitions for long-term system performance monitoring.
IV. SOURCES OF ERROR
Different sources of errors can affect the accuracy of the derived backscatter models, particularly the following.
• Geocoding errors: The geolocation of the absolutely calibrated amplitude QLs is obtained by performing a bilinear interpolation on a coarse geocoding grid, provided within the TDX QL product itself, as explained in Section II. The grid projects a SAR coordinate on the DEM surface. Several DEM sources have been used for the operational production of geocoded products, as mentioned in [18] . The elevation accuracy of the considered DEM might locally vary, affecting the pixel location accuracy itself. Taking into account the Shuttle Radar Topography Mission (SRTM) DEM specification of 16 m of vertical accuracy [31] , for nominal TDX products, we can expect a pixel location error of up to 20 m [18] . Such an error corresponds to less than a pixel within the input β 0 QL images (with a resolution of 25 × 25 m 2 ). Moreover, since we are not taking into account high-relief terrain, location errors due to the bilinear interpolation of the mapping grid can be considered negligible.
• Local incidence angle estimation errors: As for the geolocation, a rough grid of incidence angles is provided within the TanDEM-X QL product and interpolated for each required pixel. The choice of erasing pixels characterized by high local slopes can reduce the impact of a misleading approximation of the local incidence angle with the incidence angle itself, as explained in Section II.
• Atmospheric conditions: Radar backscatter can be highly affected by the presence of rain, wet soil, and general atmospheric perturbations, leading to backscatter variations, which can be on the order of units of decibels [29] . However, the annual probability of strong meteorological events is relatively low [29] , and the use of a high number of input data to perform the statistical analysis (240 000 scenes), as well as the introduction of quality weights, should significantly mitigate the effect of such outliers.
• Classification errors: Several aspects can affect the quality of the classification of the ground using the GLOBCOVER map. First of all, the GLOBCOVER resolution itself is of 300 × 300 m 2 , which is lower than that of the considered input QL data (25 × 25 m 2 ) and can therefore lead to classification errors. Second, errors can occur due to modifications in time of the illuminated area or to a wrong classification of the ground itself (an example over the Amazon rain forest is given in Section V-A). All these kinds of errors are seen as outliers within the estimation algorithm, and their effect is mitigated by the high amount of TanDEM-X input data and by the use of quality weights, as presented in Section III-B. Other classification maps could be also used to validate and improve the derived models. A relevant scenario for classification errors of the ground is represented by Greenland ice sheet. From [30] , it is known that ice sheet can be classified into different types, depending on snow characteristics. Nevertheless, the GLOBCOVER classification map provides only one single class for snow-and ice-covered regions: the permanent snow and ice class, which is indistinctly located all over Greenland. Therefore, a dedicated analysis has to be performed, in order to refine snow classification into different subclasses, which can be correctly associated to different kinds of snow.
• Geometric distortion errors: As previously explained in Section II, areas affected by geometric distortion phenomena, such as shadow and layover, present a backscatter behavior that diverges from the theoretical one. Moreover, the extension of such regions depends on the acquisition geometry; for example, if an area acquired with a nearrange beam (low incidence angles) is not affected by shadow, it could instead end up in a shadow region if acquired using a far-range beam (high incidence angle). In order to mitigate such effects, only pixels corresponding to low-relief terrain are taken into account. Nevertheless, flat areas located in the neighborhood of mountainous ones can still be affected by geometric distortion. In order to quantify the error introduced by using the slope information only, we present an example on a dedicated test site. A worst case scenario is presented in Fig. 9 , where an acquisition performed over high-relief terrain is taken into account for the current analysis. The QL amplitude is displayed in Fig. 9(a) , geocoded using the coarse mapping grid as presented in Section II. Geometrical distortion effects are clearly visible. We can now compare results obtained from the slope map and from a more accurate way for the estimation of shadow and layover. Given the insufficient reliability of the SRTM DEM [31] over highrelief terrain, a way to do so is to take into account both amplitude and interferometric coherence and use a series of thresholds in order to discriminate shadow (characterized by low values of both amplitude and interferometric coherence) 1 and layover (characterized by high amplitude and low interferometric coherence [32] . The interferometric coherence matrix, available within each TanDEM-X QL product, has been used for this purpose. Due to the high computational effort of shadow/layover detection, only a worst case scenario is analyzed. Fig. 9 (b) presents a color-coded map showing the following information.
-yellow and green: flat and mountainous terrains, respectively, discriminated from the associated slope map by setting a threshold at 20%. Samples corresponding to flat areas are considered to be reliable for the current backscatter analysis. -light blue and blue: shadow and layover areas, discriminated using amplitude and interferometric coherence. -red: shadow or layover areas, which are mapped as flat terrain and represent, therefore, a source of error for the current backscatter analysis.
For the considered example, which is characterized by extremely high-relief terrain, the overall percentage of shadow or layover areas, which are mapped as flat terrain, is below 4%. Given the high number of available input data, which are acquired over low-relief terrain, such percentage does not represent a critical source of error.
V. VERIFICATION OF GLOBAL BACKSCATTER MODELS
In order to verify the accuracy of the backscatter models, which are generated in Section III-A and B, the following approach has been implemented.
Two aspects have to be taken into account: checking for remaining absolute offsets and verification of the model's relative curvature and slope accuracy.
The implemented verification procedures are explained in Sections V-A and V-B, respectively. Both aspects are related to the presence of the sources of errors presented in Section IV. A limited number of test sites are used to verify the mean β 0 models, which have been derived using a global data set of TanDEM-X mission data, as presented in Section III. By repeating the intended approach over different test sites and grouping the results together, it is possible to get an overview of the overall accuracy of the derived backscatter models, as presented in Section V-C.
A. Checking for Absolute Offsets
In order to verify the presence of residual offsets in the derived models, a single TanDEM-X β 0 geocoded scene is considered. We simulate this image by feeding the modeled backscatter into the original acquisition geometry and classification of this scene. For each input β 0 (m, n) pixel, where the m and n indices identify the horizontal and vertical dimensions (in longitude and latitude coordinates), respectively, the associated incidence angle θ(m, n) and ground classification p(m, n) can be retrieved from the corresponding QL product and from GLOBCOVER, respectively. Depending on these two parameters and on the characterizing polarization, the corresponding radar brightness model can be evaluated and associated to the pixel value β 0 sim (m, n) within the simulated image. For example, using the set of mean radar brightness weighted models β 0 W , we have
where the polarization dependence has been omitted for the sake of simplicity. By evaluating the difference between the original input image and the simulated one, we can check if remaining offsets are still present. An example is presented in Fig. 10 . A TanDEM-X mission acquisition over the Amazon rain forest, acquired with HH polarization and with incidence angles between 46.8 • and 48.5
• , is taken into account. The predominant ground classification class is Closed to open (>15%) mixed broadleaved and needleleaved forest (>5m) (class 1 in Table I ). Fig. 10(a) shows the difference matrix between the original input image and the simulated one using the weighted mean β 0 models. Interestingly, we can see that clear cuts are clearly visible within the red circle. This is due to a wrong classification of the ground. The reason for this is that this image has been acquired two years after the GLOBCOVER map was delivered. At the time of its delivery in 2009, deforestation had not affected this region yet, whereas it is clearly visible within the TanDEM-X acquisition. As mentioned in Section IV, such classification errors are considered as outliers within the backscatter models estimation process. Nevertheless, they also represent a potential starting point for change detection over longer time spans, by comparing actual TanDEM-X or TerraSAR-X data with simulated SAR images derived from the 2009 GLOBCOVER data and our backscatter models. For a realistic check of absolute offsets within our modeling results, a stable and homogenous region inside the test site has been selected. Fig. 10(b) shows the histogram of the difference matrix for the considered region displayed within the small square in Fig. 10(a) . The histogram's mean value is of about 0.25 dB, with a standard deviation of 1.4 dB.
B. Curvature and Slope Accuracy Verification
To verify the model's relative curvature and slope accuracy, two SAR images, characterized by an overlapping ground area and acquired with the same polarization but with different incidence angles, have been considered: one out of the two will be taken as reference and therefore will be called master and the other one slave. After being interpolated over the same ground coordinates, image samples from each single input image are grouped together depending on the corresponding GLOBCOVER classification class. For each available class, a separate analysis is performed. The corresponding mean β 0 model is considered, and it is evaluated at the master and slave local incidence angles. By inverting such models as presented in [25] , we can evaluate a correction factor δβ 0 (θ m , θ s ) per pixel to be applied in order to transform the slave image β 0 pixel (at incidence angle θ s ) into the corresponding β 0 value that it would assume if acquired at the master image incidence angle θ m . Fig. 11 shows an example of a backscatter correction curve for the GLOBCOVER class corresponding to Post-flooding or irrigated croplands (or aquatic) (class 8 in Table I ). From the accuracy of the derived correction curves, as discussed in Section V-C, it is possible to define the accuracy of the models' curvature as well. Fig. 12 presents an example of such an approach by using two images acquired over England with HH polarization during winter time and characterized by an overlapping region. The master image has a mean incidence angle of about 46.5
• , whereas the slave one is centered around 36
• . Three different ground classification classes are taken into account. The plots Table I ). δβ 0 (θm, θs) represents the correction factor which has to be applied to a sample belonging to the slave image, with incidence angle θs, in order to refer it to the same incidence angle θm of the correspondent pixel within the master image.
on the left show the β 0 dB histograms of the master (black), the slave (orange), and the slave corrected to the master incidence angles (red), by applying the correction factors obtained, as presented in Fig. 11 . All the histograms are evaluated by taking into account the overlapped region only, and the plotted vertical dotted lines identify the histograms' mean values. The difference between the distributions' mean values varies from 0.1 to 1.2 dB for the three considered GLOBCOVER classes. A good accordance can be found between the master images histograms and the slave corrected ones. In order to better analyze the eventual permanency of absolute offsets for each class separately, on the right side in Fig. 12 , the β 0 models are overplotted to the bidimensional histograms of the β 0 distribution for both the master and slave images.
C. Combination of Different Test Sites
The verification of a backscatter model using the presented approach can be considered reliable only if repeated over several test sites, allowing for the analysis of a higher number of measures. Here, a concrete example for the verification of a single GLOBCOVER class, taking into account data coming from different test sites, is presented. The considered class is Closed to open (>15%) broadleaved evergreen or semideciduous forest (>5m) (class 1 in Table I ), as displayed in Fig. 7(b) . Ten different test sites have been taken into account, eight of which acquired over the Amazon rain forest and the other two over the African rain forest. Each test site is composed of two overlapping acquisitions in HH polarization. A summary of the complete data set is presented in Table II . Different incidence angles, as well as both ascending and descending orbits, are taken into account. Note that test site T4 shows a difference of less than 1
• between the master and slave mean incidence angles; this test site was included in order to isolate the backscatter behavior depending on the acquisition orbit direction. The remaining offsets between real SAR data and the developed models are presented in Fig. 13 : Fig. 13(a) displays, for each test site in Table II, 
whereas if we take into account the β 0 W (θ) model obtained from the β 0 mean values only, we have
By averaging results obtained from both the master and slave images, the mean differences are E[Δβ
Such values show a significant improvement in the offset accuracy of the models, by using quality weights within the estimation process, as presented in Section III. Table I 
VI. CONCLUSION AND OUTLOOK
We have presented a new method for the characterization of mean radar backscatter behavior by using a global statistical approach. Given the complete database of X-band SAR images, which is acquired within the TanDEM-X mission, and the introduction of the unique topographic information associated to them, we are able to derive an up-to-date set of statistical X-band backscatter models for each of the 21 valid classes of GLOBCOVER, depending on acquisition parameters and seasonal time.
Two different β 0 models have been derived [see Section III and (14) and (25)], using the same estimation approach but with and without, respectively, taking into account the quality of the input measurements. As needed for a varying number of scientific applications, σ 0 and γ 0 models can be directly derived from the β 0 models. About 240 000 acquired scenes have been considered, allowing for the generation of individual models for each of the GLOBCOVER map classes. For a certain class, images acquired all over the world within the TanDEM-X mission and characterized by the presence of at least one sample classified according to the considered class are taken into account, underlying the idea of a global modeling approach. Moreover, due to both the global coverage of TanDEM-X and the number of classes within the GLOBCOVER map, we are now able to generate 21 different models. This increases the level of precision in terms of classification with respect to the backscatter models databases provided up to now. As an example, boreal and rain forests can be clearly discriminated and modeled using TanDEM-X data acquired over the correct ground areas, whereas vegetated areas in [1] are simply characterized as trees and modeled using ground measurements on boreal forests only.
The developed verification approach for the derived models has been presented, which is based on comparing a couple of overlapped TanDEM-X acquisitions over dedicated test sites. In particular, the verification of the Closed to open (>15%) broadleaved evergreen or semi-deciduous forest (>5m) GLOB-COVER class has been detailed: 20 test images have been used to verify both backscatter models, which have been derived in Sections III-A and III-B using the global data set from the TanDEM-X mission data. The obtained results show that the use of quality weights to be associated to the input measurements allows for the derivation of more reliable backscatter models, showing both curvature and slope accuracy better than 1 dB.
From a first analysis and given the extremely precise calibration of both TerraSAR-X and TanDEM-X satellites, different orbit tracks do not show a significant difference in backscatter behavior. Nevertheless, these aspects need to be validated in future investigations.
Moreover, for certain classes, such as rain forest, it could be interesting to analyze the difference between images acquired at different times of the day, trying to quantify the possible impact of changes in the atmospheric conditions on radar backscatter.
As an example for Greenland ice sheet, further analysis of some classification types will allow for a refinement into several subclasses, leading to more specific backscatter models. The large majority of the data acquired within the TanDEM-X mission are currently being acquired using HH polarization, which is the one used for the generation of the global DEM. The extension of such models to other polarizations is a further task of the current research, by using dedicated TanDEM-X or other sensors acquisitions.
A refinement in the technique can be also done by discriminating areas affected by geometric distortion, due to shadow and layover, in a more accurate way: given the insufficient accuracy over mountainous areas and the lack of a global coverage of the SRTM DEM [31] , the proper combination of the information coming from the image amplitude and from the interferometric coherence, as presented in [32] , shows promising results. Nonetheless, because of computing reasons, such an approach has not been implemented on a global scale yet, although it represents a potential way to improve the final estimation performance.
An algorithm for the generation of backscatter mosaics using TerraSAR-X and TanDEM-X data has been presented in [25] . Up to now, backscatter correction curves retrieved from Ulaby models [1] have been used to implement such a mosaicking algorithm. After the complete generation and verification of the new TanDEM-X backscatter models, new correction curves will be derived and used to generate an up-to-date version of the current global backscatter map in X-band, based on TanDEM-X mission data only.
The complete set of backscatter models will provide a valuable basis for investigations on X-band backscatter behavior from different SAR sensors, for the optimization of future SAR missions and for many other scientific applications. Moreover, the presented modeling technique is also applicable to other current and future SAR mapping missions, even at different frequency bands, such as Tandem-L [33] , Sentinel-1 [34] , and ALOS PALSAR [35] .
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